Abstract-Ambulatory ECG analysis is adversely affected by motion artifacts induced due to body movements. Knowledge of the extent of motion artifacts facilitates better ECG analysis. In [1], an unsupervised method using recursive principal component analysis (RPCA) was used to detect transitions between body movements. In this paper, we endeavour to quantify the impact of various types of body movements on the extent of ECG motion artifact using the RPCA error signal. For this purpose, acceleration data from different body parts i.e. arm(s), leg and waist, have been obtained using commercially available motion sensors, in conjunction with ECG signal, while carrying out routine body movement activities like climbing stairs, walking, twisting, and arm movements, at three different intensity levels: slow, medium and fast. The acceleration magnitudes and the RPCA error sequence are found to be well correlated, thus validating the body movement impact analysis, and also indicating the suitability of the method for quantification of body movement kinematics from the ECG signal itself in the absence of any accelerometer sensors.
I. INTRODUCTION
A MBULATORY ECG and its automated analysis are becoming popular with technology advances and change in modern day life-style. However, the major difficulty arises because of contamination of ECG signal due to motion artifacts induced by body movements in ambulatory conditions. To circumvent this problem, researchers have proposed wearable ECG systems with built-in patient-activity monitoring capability [2] , [3] , [4] , [5] . Motion data may be recorded using accelerometers mounted at different body positions and ECG electrodes. It is understood that the context of patientactivity is helpful to improve the quality of ECG analysis.
Detection of body position changes using multi-lead ECG has been studied in [6] based on a physiological consideration that the heart axis shifts with body position. However, this technique is not applicable for a single-lead system and not suitable for detection of body movement changes like arm movement where posture does not change. In [1] , we have proposed a method to detect the onsets of body movements or transitions in the same from a single-lead ECG signal itself which is based on recursive principal component analysis (RPCA) [7] . The method works on the fact that different body movements affect the skin-electrode interface differently. We extend this approach to show that the RPCA method can be applied to determine different types as well as activity levels of body movements. We have quantitatively investigated the impact of body movement activity on generation of motion artifacts. The objective is to develop better artifact cancellation techniques. In order to achieve this, we have used commercially available motion sensors to measure acceleration levels at three different body positions. The three activity levels are classified as slow, normal and fast.
II. DATA ACQUISITION
The specifications of the ambulatory ECG recorder used in this study are as follows: single-lead, bandwidth-0.05 to 106 Hz, sampling frequency-242 Hz, A/D conversion-12 bits/sample [8] . The lead-II configuration is chosen for all the recordings in this study for consistency. For measurements of accelerations on the limbs due to body movement we have used commercially available motion sensors from Xsens Motion Technologies R . MTx R type motion sensors are placed at the appropriate positions on body, e.g., arm(s), right leg and frontal waist. The sensors are used to detect the 3-axes accelerations in the sensor co-ordinate system as well as the 3-D rotations of the sensor co-ordinate system for a fixed local co-ordinate system (LCS). LCS is defined as X positive when pointing to the local magnetic North, Y positive for local West and Z positive when pointing up. All acceleration and rotation measurements are performed at 32-bit resolution and at a sampling frequency of 25Hz. A blue tooth wireless interface is used to transmit data.
It is ensured that the subject is at minimal discomfort after wearing the ECG electrodes and the motion sensors and also that the placement of sensors does not affect the usual body movement of the subject. For a better understanding of events as recorded by motion sensors all the subject-activities are time-stamped and recorded using a video camera. The starting and ending times for ECG and motion recording are noted for data analysis.
The following activities are performed at three different intensity levels -slow, normal and fast: 1) posture change from sitting on a chair to standing up and vice versa, 2) up and down movement of left arm, 3) up and down movement of right arm, 4) walking on a level floor, 5) twisting left-right-left body movement at the waist while standing, as a common body stretching activity, 6) climbing up and down stairs, The subjects were asked to avoid undue tightening of muscles such that the limbs are freely movable, in order to avoid any extra noise due to muscle-stiffness. A total of 5 healthy male subjects in the age group of 22 to 27 years participated in this experiment.
III. EXPERIMENTAL METHOD
Our purpose is to analyze the ambulatory ECG signal in order to determine the activity level for a set of body movements from the ECG signal itself and to relate it to motion sensor data for validation. The ambulatory ECG signal is modeled as a mix of cardiac signal and motion artifact signal induced by body movements [9] , [10] . It has also been shown that the motion artifact subspaces for different body movement can be learned using principal component analysis (PCA) and a set of top few (6-8) eigenvectors can effectively represent the motion artifacts specific to each body movement. Next, an RPCA algorithm has been used to detect abrupt changes in the ambulatory ECG signal [1] . It is likely that slower body movements will induce smaller motion artifacts whereas faster body movements are likely to induce larger motion artifacts. At rest there are usually no motion artifacts at all. Thus different levels of body movements are presumed to have different impact on the motion artifacts and hence on the ambulatory ECG signal.
A. RPCA method
Since the RPCA algorithm as proposed in [1] , is sensitive to feature alignment and since it requires the data vectors to have the same dimension, the ECG beats are time synchronized with respect to the R-peak in each beat and are resampled to equalize each beat to a fixed length of M 0 samples [10] . The value of M 0 is chosen based on the normal heart-beat duration and the given sampling rate of the ECG recorder. The R-peaks in the ECG signals are detected using the Pan-Tompkins method. The duration between the current and previous R-peak is considered as the length of the current ECG beat. A small variation in heart rate is quite natural during motion. The lengths of the ECG beats thus need to be resampled so that a PCA based technique can be used. This resampling is an intermediate step for extracting the impact signal from ECG and does not distort the original ECG signal itself. The mean subtracted vector at the i th beat in the data is denoted as r(i), which contains baseline wander.
In order to estimate the principal components, the covariance matrix C i is recursively computed from r(i) as
where α, 0 < α < 1 is the forgetting factor. A smaller value of α results in a faster forgetting of the past data. A set of top L eigenvectors of the covariance matrix C i at i th ECG beat is derived using (1) . Let E i = [e i1 e i2 . . . e iL ] M0×L be the set of top L eigenvectors arranged in a non-ascending order of magnitudes of the corresponding eigenvalues.
To quantify variation in the ECG signal due to motion artifacts present in the next ECG beat r(i + 1), we obtain the component that lies in the span {e i1 , e i2 , . . . , e iL }. The error in approximation
provides a measure of impact of body movement in ambulatory ECG signal. We refer ǫ(i) as impact signal where i is the beat index. The time instances of the impact signal are calculated from the R-peak locations of the corresponding beat indices i in the ECG signal for analysis.
B. Measurement of Accelerations
In this subsection we explain the procedure for computing acceleration and displacement of a limb position with reference to the body. The motion sensor system described in Section II records accelerations in sensor axes and rotations of the sensor axes in the fixed local co-ordinates (LCS). Since the sensor axes are rotating with the limb activity we convert all the accelerations to the fixed LCS using the rotation matrix of individual sensor. Let R k (n) be the 3×3 rotation matrix in the fixed LCS and a k (n) = [a kx (n) a ky (n) a kz (n)] T be the 3-axes acceleration vector recorded at n th sample for the k th sensor (limb position), respectively. The corresponding accelerations a
T in the LCS can be computed as
Since the accelerations a ′ k have both the static (gravity and body translation) and dynamic components, to account for the limb motions only, the static components are suppressed by subtracting their estimated value calculated as a moving average over a time-window of 8 seconds from each element of the accelerations a
where f s =25Hz is the sampling frequency for the motion sensor. The movement of the k th limb (sensor) is quantified by using the norm of the acceleration vector β k (n) = |a ′′ k (n)|. It may be noted that for impact signal we have used the index 'i' to denote time axis while we have used the index 'n' to denote time while measuring acceleration. This is due to the fact that (a) the impact is measured at every beat and (b) the sampling frequencies for the ECG and the motion sensors are different. Thus n = κ(i) where κ relates both these indices in time.
IV. RESULTS
Continuous single-lead ECG signals and motion data are recorded with various types of body movements performed at different intensity levels of pace as described in Section II. We analyze the recorded ECG signal using the RPCA algorithm described in Section III-A to quantify the motion artifact. The motion data is analyzed according to the procedure given in Section III-B. The goal is to relate the impact signal ǫ(i) and the acceleration β k (n).
Initially, we consider the following posture change activities-sitting down to standing up and standing up to sitting down performed alternately at three different intensity levels: slow, medium and fast with a 20 second motion pause in between. The impact signal is shown in Fig. 1(a) . The corresponding acceleration β k (n) are shown in Fig. 1(bc) . The magnitudes of the impact signal follows the pattern of the acceleration β k (n), i.e. low, medium and high. This shows that the impact signal is a quantitative measure of the levels of the body movement similar to acceleration. Next, we analyze the activity of climbing up and down on a staircase of 36 steps at three different intensity levels: slow, medium and fast. A rest period of 30 seconds is allowed after finishing each level. The impact signal and the acceleration signal β k (n) are shown in Fig. 2 . From the amplitudes of signals in the figure and their time spans it is apparent that the impact signal quantifies the different levels of climbing stairs body movement.
Next, we consider the activity of twisting at waist movement at three different paces: slow, medium and fast. The impact signal and accelerations β k (n) from the motion sensors placed at right leg and frontal waist are shown in Fig. 3 . It is observed that the sensor placed on waist can suitably represent this twisting body movement and the corresponding impact on ambulatory ECG can be seen from the impact signal amplitudes for the three different levels of motion activity.
We have analyzed the impact for different levels of walk- ing speed. An illustration of impact of walking is given in Fig. 4 . We have observed that the impact of signal amplitude increases with the increase in acceleration magnitudes. One also observes that if the stride length is large (above normal) then even if it is performed slowly, it does enhance the motion artifacts. Thus walking pace and stride length are equally important. An illustration of relation between the magnitude of the impact signal and the corresponding norm of instantaneous acceleration for the sensor attached at right leg is given in Fig. 5 . This shows that the impact signal is quite representative for the levels of the activity and can be used for quantification purpose. A similar relation between the magnitude of the impact signal and the corresponding norm of acceleration for twisting at the waist activity is shown in Fig. 6 for the sensor attached at the frontal waist.
Comparing Fig. 5 and Fig. 6 , we can see that though the values of the norm of acceleration are smaller in the twist at waist movement, the impact is quite similar to that of walking.
We have also analyzed the arm movement activities at different levels and found similar trends. However, as reported before in [1] , the impact is more sensitive to right arm movements as compared to left arm movements be- cause of the lead-II configuration. Hence the impact of the arm movements can be different for a different ECG lead configuration. We have also computed the cross-correlation between the acceleration signal and the impact signal, and found them to be very well correlated in time. This has been used in all plots to time synchronize the acceleration and ECG signals. One of the plots showing cross-correlation between the acceleration signal and the impact signal for climbing stairs activity is shown in Fig. 7 . From the plot we observe that the accelerometer data must be shifted forward by 9.6s to synchronize with the ECG data. The global mean and standard deviation of the coefficients of cross-correlation (ρ) and linear regression (θ) for the motion signals from a representative sensor at waist for climbing stairs, walking and twisting are presented in Table I . The standard deviations of ρ indicate less person to person variation, whereas that for θ are higher.
V. CONCLUSIONS
We have reported on the quantification of body movements using the RPCA method of ECG analysis. The impact signal pattern is matching very well with the behavior of the acceleration magnitudes at the limb locations. The fact is verified by analyzing the signal amplitudes in time synchronization. It is also found that movement of right-arm has a greater impact as opposed to similar movement of left arm. Here our study was limited to a single lead (lead-II) and we are now developing a multi-lead system for different standard ECG leads. The impact signal has been presently used for detecting an extraneous activity super-imposed on the normal heart activity. This technique could be extended to data from cardiac patients by further analyzing detections for abnormal ECG morphologies and rhythm disturbances.
